tock returns unexplained by "fundamentals," such as cash flow news, are more likely to reverse in the short run than those linked to fundamental news. Making novel use of analyst forecast revisions to measure cash flow news, a simple enhanced reversal strategy generates a risk-adjusted return four times the size of the standard reversal strategy. Importantly, isolating the component of past returns not driven by fundamentals provides a cleaner setting for testing existing theories of short-term reversals. Using this approach, we find that both liquidity shocks and investor sentiment contribute to the observed short-term reversal, but in different ways: Specifically, the reversal profit is attributable to liquidity shocks on the long side because fire sales more likely demand liquidity, and it is attributable to investor sentiment on the short side because short-sale constraints prevent the immediate elimination of overvaluation.
Introduction
Short-term return reversal in the stock market, a wellestablished phenomenon for more than 40 years, has been shown to be both robust and of economic significance.
1 Jegadeesh (1990) , for example, documents profits of about 2% per month over 1934-1987 using a reversal strategy that buys and sells stocks on the basis of their prior-month returns and holds them for one month. These profits are not readily explainable by direct transaction costs. In an efficient market with a slowly varying stochastic discount factor, asset prices should follow a martingale over short time horizons even though they exhibit predictable variations over longer horizons (see, e.g., Sims 1984) .
Two possible explanations for short-term reversal profits have received much attention in the literature. Shiller (1984) , Black (1986) , Stiglitz (1989) , Summers and Summers (1989) , and Subrahmanyam (2005) , among others, have suggested that short-term reversal profits are evidence that market prices may reflect investor overreaction to information, or fads, or simply cognitive errors. We label this the sentimentbased explanation. Another explanation is based on the price pressure that can occur when the short-term 1 See Fama (1965) , Jegadeesh (1990) , and Lehmann (1990) . demand curve of a stock is downward sloping and/or the supply curve is upward sloping, as in Grossman and Miller (1988) and Jegadeesh and Titman (1995) . In the model of Campbell et al. (1993) , for example, uninformed trades lead to a temporary price concession that, when absorbed by liquidity providers, results in a reversal in price that serves as compensation for those who provide liquidity. Consistent with such a mechanism, Avramov et al. (2006) find that the standard reversal strategy profits mainly derive from positions in small, high turnover, and illiquid stocks. In fact, Pastor and Stambaugh (2003) suggest directly measuring the degree of illiquidity by the occurrence of an initial price change and subsequent reversal. We label this second explanation the liquidity-based explanation.
These two explanations are not necessarily mutually exclusive. A natural question follows: do liquidity shocks and investor sentiment play different roles in driving short-term return reversal? The answer to this question clearly has important bearings on the debate about market efficiency and asset pricing models in general. We attempt to address this question in two steps.
In the first step, we recognize that under both explanations, reversal profits should come from the portion of past returns unexplained by the "fundamental" change, which we label as residual return. We can think of the "fundamental" component of the stock return to contain three components: (1) the expected return that reflects the rational compensation of risk, (2) cash flow news that is due to changing expectations about fundamental future cash flows, and (3) discount rate news that is due to changing expectations about rational future discount rates. If we can purge these three components out of the realized return to obtain the residual return, we can better isolate the nonfundamental return component, be it sentiment-induced mispricing or a price concession triggered by a liquidity shock.
2 Importantly, by focusing on this cleaner source of short-term reversal, we arguably have a superior testing ground for studying alternative explanations of short-term reversal.
Among the three "fundamental" components of stock return, the discount rate news component is probably small at weekly or monthly frequency under the common belief that the stochastic discount factor is slow moving. For this reason, we focus our attention on controlling for the two remaining fundamental components using suitably constructed proxies.
To measure the expected return component, we use the Fama and French (1993) three-factor model, although we stress that the specific choice of model for the expected return is not crucial for studying short-term return reversal since the expected return is small relative to the realized return at high frequency in virtually all commonly used asset pricing models.
A novel feature of our empirical exercise is that we measure the cash flow news component directly using revisions of equity analyst consensus forecasts following the procedures described in Da and Warachka (2009) . Similar approaches are used by Easton and Monahan (2005) and Chen et al. (2013) . Crucially, the use of analyst earnings forecasts allows us to measure cash flow news at monthly frequency in real time, which is necessary for implementing the short-term reversal strategy. Furthermore, computing monthly revisions mitigates analyst forecast biases that persist over this short horizon.
Throughout this paper, we control for industry effects. In other words, all stock returns and their components will effectively be measured in excess of their industry averages. Such industry control has several benefits. First, any residual analyst forecast biases, as long as they are roughly constant across stocks within the same industry, will be alleviated. Second, the industry control also helps to remove any common components in expected returns and discount rate news. Moskowitz and Grinblatt (1999) document a strong and prevalent momentum effect in industry components of stock returns. Our industry controls, by taking out the industry momentum effect, will mechanically enhance the short-term return reversal. They do not drive our results though. We verify that our results are qualitatively similar even if we do not apply industry controls at all.
Our key variable of interest, the residual return, is computed by subtracting the estimated expected return and cash flow news from the realized return. Notwithstanding the measurement errors associated with our empirical estimates, it is important to note that as long as our estimates are informative about the true expected return and cash flow news, the residual return should help to isolate the "true" driver of short-term reversal. Our residual return is in spirit similar to the "intangible" return in Daniel and Titman (2006) . Daniel and Titman (2006) focuses on long-term return reversal and shows that "intangible" return, or the component of past five-year returns orthogonal to the firm's past accounting performance, predicts future long-run return reversal. In contrast, we focus on short-term return reversal at monthly frequency. Computing residual returns over such a short horizon is only made possible by our novel use of analyst forecasts.
By focusing on the residual return, we enhance the profitability of the short-term reversal strategy substantially. During our sample period from 1982 to 2009, a residual-based short-term reversal strategy that sorts stocks into deciles within each industry on the basis of prior-month residual return generates a monthly alpha of 1.34% with a highly significant t-value of 9.28. Such an alpha is large considering the fact that our sample includes a subset of relatively large and liquid stocks due to the requirement for regular analyst coverage. As a comparison, the standard reversal strategy only generates a monthly alpha of 0.33% with an insignificant t-value of 1.37 in the same sample. Overall, the short-term reversal effect still exists even among large stocks for the more recent years, and it is the industry momentum effect that makes it difficult to find. The success of the residualbased reversal strategy survives transaction cost analysis and a battery of additional robustness checks.
The enhanced reversal strategy offers a superior testing ground for evaluating different explanations of short-term reversal. In the second step, we obtain fresh insights from separately analyzing the long and short legs of the residual-based reversal strategy.
We find the profits from buying losers (the long side in the residual-based strategy), after risk adjustment, to load positively and significantly on the lagged aggregate Amihud (2002) illiquidity measure and realized volatility of the S&P 500 index. Thus, Downloaded from informs.org by [128.171.195 .158] on 07 October 2014, at 11:56 . For personal use only, all rights reserved.
these profits are more likely reflecting compensations for liquidity provision since they are higher when the level of illiquidity (proxied by the Amihud (2002) measure) is high and when the required compensation for liquidity provision is likely to be high (proxied by the realized volatility). Overall, this finding is consistent with the theoretical prediction of Shleifer and Vishny (1992) and the empirical evidence in Coval and Stafford (2007) . Recent losers are more likely to be financially distressed, and constrained investors are forced to sell, causing a large price concession. The later price recovery thus reflects compensation for liquidity provision. Nagel (2012) also relates short-term return reversal to liquidity provision. Our novel approach allows us to extend Nagel's (2012) analysis by showing that liquidity provision appears more important for explaining the reversal on recent losers since fire sales are more likely than fire purchase. Our results are therefore complementary to the findings in Avramov et al. (2006) and suggest that liquidity shocks are particularly relevant on the long side.
In contrast, we find the profits from selling winners (the short side in the residual-based strategy), after risk adjustment, to load positively and significantly on two lagged measures of investor sentiment that reflect optimism and equity overvaluation. The two measures are the monthly number of initial public offerings (IPOs) and monthly equity share in new issues. Hirshleifer and Jiang (2010) consider security issuance as a proxy for aggregate overvaluation. Baker and Wurgler (2006) also use the number of IPOs and equity issuance in constructing their investor sentiment index. 3 The fact that investor sentiment drives the reversal of recent winners is consistent with the existence of short-sale constraints, which limit the ability of rational traders to exploit overpricing immediately (see Miller 1977) . Consistent with Miller's (1977 ) argument, Stambaugh et al. (2012 show that many asset pricing anomalies are stronger following high levels of sentiment and that this effect is attributable only to the short-legs. 4 Again, by isolating recent "nonfundamental" price change, our analysis shows that Miller's (1977) argument also extends to the short-term return reversal, even among large stocks.
The differential role played by liquidity shock and investor sentiment holds up strikingly consistently across 10 different subsamples constructed according to stock characteristics such as size, book-tomarket (BM), analyst coverage (number of analysts (NOA)), analyst forecast dispersion (DISP), and liquidity. Liquidity shocks always seem to be explaining the reversal on recent losers, whereas investor sentiment always seems to be driving the reversal on recent winners.
The differential role played by liquidity shock and investor sentiment is also confirmed using crosssectional regression analysis. Using the stock-level Amihud (2002) illiquidity measure, we find that increased stock illiquidity leads to stronger reversal only among recent losers, confirming that liquidity shocks are driving the long-side of reversal profit. When we split our sample into stocks with options traded and stocks without options traded, we find no reversal among recent winners with options traded. Stocks with option traded are less likely to face binding short-sale constraints; hence, recent winners with options are less likely to be overpriced, explaining their lack of reversal in the near future. This result suggests that positive investment sentiment, combined with short-sale constraint, is consistent with the short-side of the reversal profit.
To summarize, in this paper, we take a fresh look at an old asset pricing anomaly: the short-term return reversal. In the process, we make several contributions. First, we argue that to study the causes of short-term reversal, one should first partial out the well-known effects associated with fundamental news. Second, we propose a novel use of analyst forecast data to proxy for cash flow news and isolate the component of past returns that drives the short-term reversal. Finally, using our "clean" measure of shortterm reversal, we are able to show that both liquidity shocks and investor sentiment contribute to the observed short-term reversal, but in different ways: Specifically, the reversal profit is attributable to liquidity shocks on the long side and investor sentiment on the short side.
The rest of this paper is organized as follows. Section 2 discusses our empirical implementation and describes our sample. Section 3 contains the empirical results. Section 4 discusses the differential roles played by investor sentiment and liquidity shock in driving the reversal. Section 5 concludes.
Empirical Measurement

Expected Returns
To compute conditional expected stock returns, we need to use a pricing model. To be consistent with the methodology used to risk-adjust returns in our empirical results, we estimate the conditional expected return using the Fama and French (1993) three-factor model:
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We note, however, that our empirical results do not appear to hinge on the choice of pricing model, (e.g., CAPM or augmented five-factor Fama and French (1993) model, which adds momentum and short-term reversal factors to the three-factor model).
To avoid any look-ahead bias, the factor betas are estimated using monthly returns in the previous fiveyear rolling window (with a minimum of 36 months of observations), whereas the factor risk premium is set equal to the average factor return in our sampling period.
Cash Flow News
To directly compute fundamental cash flow news at monthly frequency, we follow Easton and Monahan (2005) and Da and Warachka (2009) and measure cash flow news using revisions in equity analyst earnings forecasts. Crucially, the use of analyst earnings forecasts allows us to measure cash flow news at monthly frequencies in real time, which is necessary for implementing the short-term reversal strategy. Furthermore, computing monthly revisions mitigates any analyst forecast biases that persist over this short horizon.
We obtain the analyst consensus earnings forecasts from the Institutional Brokers Estimate System (I/B/E/S) summary unadjusted file. I/B/E/S produces these consensus earnings forecasts each month, typically on the third Thursday of the month. To better match returns to earnings forecast revisions, for most parts of our analysis, we examine the I/B/E/Smonth ranging from the current I/B/E/S consensus forecast issuance date (third Thursday this month) to the next consensus forecast issuance date (third Thursday next month), although we do confirm that using the simple calendar month produces very similar results. We initially include all unadjusted consensus earnings forecasts between January 1982 and March 2009. Unadjusted I/B/E/S forecasts are not adjusted by share splits after their issuance date. 5 We keep consensus earnings forecasts for the current and subsequent fiscal year (A1 t A2 t ), along with its long-term growth forecast (LTG t ). The earnings forecasts are denominated in dollars per share, and the t subscript denotes when a forecast is employed. The long-term growth forecast represents an annualized percentage growth rate. This forecast has no fixed maturity date, but pertains to the next three to five years.
We first define a simple proxy for the cash flow innovation using only revisions in the earnings 5 As detailed in Diether et al. (2002) , the earnings per share after a share split is often a small number that I/B/E/S rounds to the nearest cent. This rounding procedure can distort certain properties of dollar-denominated analyst forecasts such as revisions and forecast errors. forecast for the current fiscal year (A1 t ):
B t for no-earnings-announcement month E1 t+1 − A1 t B t for earnings-announcement month where E1 is the actual earnings per share, and B t is the book value per share. In other words, FREV is equal to the analyst forecast revision (scaled) when there is no earning announcement and equal to the earnings surprise (scaled) during the month of fiscalyear earnings announcement.
More precisely, we compute cash flow innovations following Da and Warachka (2009) by taking advantage of multiple earnings forecasts for different maturities. Some modifications are made to account for the fact that we are computing cash flow innovations for individual stocks rather than for portfolios of stocks. We discuss the details below.
Let X t t+j denote the expectation of future earnings (X t+j ); here the additional subscript refers to an expectation at time t. A three-stage growth model that parallels the formulation in Frankel and Lee (1998) as well as Pastor et al. (2008) infers these earnings expectations from analyst forecasts. In the first stage, expected earnings are computed directly from analyst forecasts until year 5 as follows:
Given that LTG t exceeds 30% for certain stocks, it is unrealistic to assume that such high earnings growth will continue indefinitely. Therefore, we assume that expected earnings growth converges (linearly) to an economy-wide steady-state growth rate g t from year 6 to year 10 in the second stage.
Expected earnings in the second stage are estimated as follows:
6 For notational simplicity, we omit the firm i subscript.
7 If LTG t is missing, we set LTG t = LTG t−1 . If A2 t is missing, we set A2 t = A2 t−1 . If A2 t−1 is also missing, we set A2 t = A1 t 1 + LTG t . If X t t+3 < 0, we set X t t+3 = A1 t 1 + LTG tfor j = 5 9. The steady-state growth rate g t is computed as the cross-sectional average of LTG t .
We also assume the cash flow payout is equal to a fixed portion ( ) of the ending-period book value. Under this assumption, the clean surplus accounting identity implies that the evolution of expected book value is B t t+j+1 = B t t+j + X t t+j+1 1 − . The parameter is initially set to 5% since this percentage is close to the average payout rate for the firms in our sample.
In the third stage, expected earnings growth converges to g t , which implies expected accounting returns converge to g t / 1 − beyond year 10. After 10 years, the annualized discount factor = 0 95 also means that the remaining cash flows exert little influence on the earnings beta estimates.
The expected log accounting return e t t+j is estimated at time t as
where the X t t+j+1 expectations are defined in Equations (2) and (3). Consequently, the three-stage growth model implies Vuolteenaho (2002) shows that the cash flow news are the difference between cash flow expectations over consecutive months; that is,
Although earnings forecasts pertain to annual intervals, their revisions are computed over monthly horizons, which helps to mitigate analyst forecast biases that persist over this short horizon.
Residual Return
We define the residual return as the component of the realized return, in excess of the expected return implied by the pricing model (1), that is not explained by our measure of cash flow news (4):
The residual return in (5), by purging the realized return of fundamental cash flow and expected return components, helps to isolate the portion of the return due to sentiment and liquidity, which is more likely to revert.
Measurement error/misspecification, especially in the cash flow news model, of course remains a concern for the empirical implementation. In what follows, we therefore document in great detail that our qualitative results do not change if we use simpler cash flow news definitions. Moreover, for the measurement error to drive the predictability of future returns, one would expect to see a strong correlation between our cash flow news measure and the reversal of the residual return. We find this not to be the case in the data.
Sample Description
Our final sample consists of stock/month observations where the expected return and cash flow news can all be computed. Table 1 provides a summary statistics for the sample. On average, there are about 2,350 stocks in our sample each month, but numbers increase over time.
Although the stocks in our sample represent only one-third of the total number of stocks in the Center for Research in Security Prices (CRSP) database, we cover almost 75% of the U.S. stock universe by market capitalization. In fact, our average capitalization of stocks in our sample is about $2.5 billion, twice that of an average stock in CRSP. Stocks in our sample also receive high analyst coverage, with an average of eight analyst reports per month. To alleviate the impact of any market microstructurerelated noise, we exclude stock/month observations if a stock's monthly closing price is below $5 at the time of portfolio formation. Overall, our sample therefore consists of relatively large and liquid stocks receiving high analyst coverage, implying that our results are unlikely to be driven by positions in extremely small and illiquid stocks.
For industry classification, we use the two-digit I/B/E/S sector/industry/group code, which classifies all stocks into 11 industries: finance, health care, consumer nondurables, consumer services, consumer durables, energy, transportation, technology, basic industries, capital goods, and public utilities.
Empirical Results
For comparison, we first implement the Jegadeesh (1990) short-term reversal strategy, which sorts stocks into deciles on the basis of their prior-month returns and then buys stocks in the bottom decile (losers) and sells stocks in the top decile (winners). This zeroinvestment strategy is rebalanced every month. Its Downloaded from informs.org by [128.171.195 .158] on 07 October 2014, at 11:56 . For personal use only, all rights reserved. Notes. Shown are the raw returns and risk-adjusted returns for three portfolio trading strategies: the standard reversal strategy (panel A), the within-industry reversal strategy (panel B), the benchmark residual-based reversal strategy (panel C), and the residual-based reversal strategy but without the industry control (panel D). The standard reversal strategy sorts stocks into deciles according to prior-month returns, and then buys stocks in the bottom decile (losers) and sells stocks in the top decile (winners). The portfolio is rebalanced every month. The within-industry (benchmark residual-based) reversal strategy sorts stocks into deciles within each industry according to prior-month returns (residual return), and buys losers and sells winners within each industry. The factors to adjust raw returns are the Fama and French (1993) three factors (MKT-r f , SMB, and HML), the Carhart (1997) momentum factor (MOM), and the short-run reversal factor (DMU), which is constructed from the daily short-term reversal factor available at French's website. The sample period is from January 1982 through March 2009. The t-statistics are reported in parentheses.
equal-weighted average raw return and risk-adjusted returns are reported in panel A of Table 2 . In our sample, which covers larger stocks and a more recent period, the standard reversal strategy generates a raw return of 0.67% per month (t-value = 2 53), which is much lower than the 2.49% return documented in Jegadeesh (1990) . After risk adjustment, the profit is even smaller, and the three-factor alpha drops to 0.33% per month with an insignificant t-value of 1.37. When we also include the Carhart (1997) momentum factor (MOM) and a fifth short-run Downloaded from informs.org by [128.171.195 .158] on 07 October 2014, at 11:56 . For personal use only, all rights reserved.
reversal factor (DMU), the alpha is essentially zero as expected.
10 Given this evidence, one could argue that short-term return reversal has become less likely recently among all but the smallest stocks, at least economically.
Applying industry control improves the results as reported in panel B of Table 2 . When we sort stocks into deciles within each industry on the basis of their prior-month returns, and buy losers/sell winners within each industry, this within-industry reversal strategy generates a return of 1.20% per month (t-value = 5 87). Risk adjustments reduce but do not eliminate the profit. For example, the three-factor alpha is 0.92% per month with a t-value of 5.11, and the five-factor alpha is 0.46% with a t-value of 2.77. These results suggest that stock prices overreact to firm-specific information and that the short-term reversal effect still exists even among large stocks for the more recent years, and it is the industry momentum effect that makes it difficult to find.
Finally, we sort stocks into deciles within each industry by prior-month residual returns. We then buy stocks in the bottom decile (with the most negative residual return) and sell stocks in the top decile (with the most positive residual return). We label this modified reversal strategy our benchmark residual-based reversal strategy.
The benchmark residual-based reversal strategy indeed performs the best, as reported in panel C of Table 2 . It generates a return of 1.57% per month (t-value = 9 48). The profit is still large and highly significant even after risk adjustment. For example, the three-factor alpha is 1.34% per month with a t-value of 9.28, and the five-factor alpha is 0.91% with a tvalue of 6.02. An examination of its return series shows that they are much less volatile than those of the standard reversal strategy. As a result, our benchmark residual-based reversal strategy has a much higher Sharpe ratio. For raw returns, the monthly Sharpe ratio is 0.52 for the benchmark residualbased reversal strategy and only 0.14 for the standard reversal strategy. For the three-factor-adjusted returns, the monthly Sharpe ratio is 0.53 for the benchmark residual-based reversal strategy and only 0.08 for the standard reversal strategy.
Although industry control improves our results, a potential concern is that it might be driving our entire results due to the strong industry momentum as documented by Moskowitz and Grinblatt (1999) . They show that current winner industries outperform current loser industries in the subsequent month. Our industry controls, by taking out the industry momentum effect, will mechanically enhance the short-term return reversal. To demonstrate that the industry momentum effect does not drive our reversal results, we also sort stocks into deciles by their prior-month residual returns without the industry demeaning. The future long-short spread portfolio returns are reported in panel D.
A pure residual-based strategy without the industry control still significantly outperform the standard reversal strategy. The average raw return and the three-factor-adjusted return are 1.13% and 0.84%, respectively. Both are highly significant in themselves and represent significantly improvements from the corresponding numbers to the standard reversal strategy (0.67% and 0.33% per month, respectively, from panel A). The five-factor-adjusted return of 0.26% is insignificant, largely due to the fact that we are adjusting the return reversals among relatively large and liquid stocks using a similar reversal factor (DMU) constructed using the full sample of stocks. Nevertheless, it is worth noting that the 0.26% monthly profit represents a 45 bps improvement from that of the standard reversal strategy (−19 bps from panel A), and such an improvement is highly significant (t-value = 4 50). Overall, the comparison between panels A and D confirms that removing the "fundamental" cash flow news from past returns in itself significantly enhances the return reversal. Table 3 reports average portfolio characteristics across the decile portfolios sorted on within-industry residual returns. Stocks in portfolio 1 on average experienced a large negative residual return (residual = −18 07%) during the formation month (0). The negative residual return comes from a positive cash flow shock (5.51%), but at the same time a large negative return (−11.32%). Stocks in portfolio 10, however, on average experienced a large positive residual return (residual = 24 57%) during the formation month (0). The positive residual return comes from a negative cash flow shock (−8.99%), but at the same time a large positive return (16.75%).
Portfolio Characteristics
The large return movements (in the opposite directions of cash flow news) are unlikely to be driven by liquidity shocks alone. Although the two extreme portfolios (portfolios 1 and 10) have slightly higher expected returns (1.24% and 1.17%, respectively), the cross-portfolio variation in the expected returns is small. As we saw in the trading strategy results (Table 2 , panel C), portfolio 1 outperforms portfolio 10 during the first month after portfolio formation. As seen in Table 3 , both raw returns and the three-factor alphas decline monotonically in withinindustry residual return, suggesting that residual Downloaded from informs.org by [128.171.195 .158] on 07 October 2014, at 11:56 . For personal use only, all rights reserved. 
Notes. Portfolio 1 has a large negative residual return during the formation month (0), whereas portfolio 10 has a large positive residual return. Ret(0) is the simple average monthly portfolio returns in the portfolio formation month, measured in percentage terms. ER is the conditional expected return based on rolling betas estimated from monthly returns in the previous five-year rolling window. CF rev measures the within-industry cash flow shock, where the cash flow news is measured by the analyst consensus earnings forecasts as in Da and Warachka (2009) . Ret(+1) and three-factor alpha are the simple average monthly portfolio raw and Fama and French (1993) three-factor-adjusted returns in the portfolio holding month, respectively. Price, Size, BM, and NOA are the simple average of price, market capitalization (in millions of dollars), book-to-market ratio, and analyst coverage count, respectively. To avoid the bias caused by outliers, we winsorize the BM values at the 99th percentile each month. IVOL is the simple average of the monthly idiosyncratic volatility for all stocks included in the portfolio formation month, where monthly idiosyncratic volatility is constructed from the standard deviation of daily residuals from the Fama and French (1993) three-factor model. Turnover is defined as the trading volume divided by the number of shares outstanding. Amihud illiquidity measures stock illiquidity as in Amihud (2002) . Portfolio turnover measures the proportion of stocks that are not in the same residual-sorted portfolios in two consecutive months. Spread measures the simple average of the quoted bid-ask spread for stocks included in the same decile portfolio. The sample period is from January 1982 through March 2009.
return indeed is a strong predictor of future stock return reversals. The two extreme portfolios also hold stocks that are relatively small and illiquid, and receive less coverage by analysts than the average stock in our sample. Their average market caps are about one-half those of other stocks in our sample, and their average trading prices are also lower ($30.90 for portfolio 1 and $38.35 for portfolio 10), although they are clearly not penny stocks. Stocks in the extreme portfolios trade more actively according to the turnover measure, but are also more illiquid as measured by the Amihud (2002) measure and are covered by fewer than the average of eight analysts. These characteristics are consistent with the idea that liquidity shock is a key driver of the reversal profit, although we cannot completely rule out the explanation based on sentiment-driven mispricing.
A trading strategy of buying portfolio 1 and selling portfolio 10 is associated with very high portfolio turnover. On average, 90.2% of the stocks in portfolio 1 and 90.8% of the stocks in portfolio 10 are turned over every month. Such a high turnover is to be expected, because extreme divergence between returns and cash flow news is rather rare, and neither is expected to persist.
11 The extreme portfolios are also associated with higher percentage quoted bidask spreads of 46 basis points and 43 basis points, respectively.
The portfolio turnover ratios and bid-ask spreads together provide a rough transaction cost estimate of 46 × 90 2% + 43 × 90 8% = 80 5 basis points per month for the trading strategy. This estimate is much lower than the risk-adjusted return of our residualbased trading strategy (three-factor alpha = 1 34% per month, t-value of 9.28), suggesting that our reversal profit is also economically significant (transaction cost-adjusted alpha ≈ 0 54% per month, t-value of 3.90) and not likely simply a manifestation of market microstructure effects.
If our risk-adjusted profit is higher than a reasonable estimate of transaction cost, why is it not arbitraged away immediately? One reason is related to the limit to arbitrage (Shleifer and Vishny 1997) . Table 3 suggests that a common proxy for the limit to arbitrage, idiosyncratic volatility (IVOL) is the highest for the two extreme portfolios (see Ang et al. 2006 ). Thus, uncertainty may prevent a risk-averse arbitrageur from trading and eliminating mispricing immediately.
Subsample and Robustness Results
Panel A of Table 4 shows the performance of the benchmark residual-based reversal strategy when we increase the holding horizon from one month to five months. We find that the profit is short term in nature and accrues mainly during the first month after portfolio formation. The profit drops from 1.57% (t-value = 9 48) during the first month after portfolio formation to 0.40% (t-value = 2 51) during the second month. Beyond that, the profit drops to essentially Downloaded from informs.org by [128.171.195 .158] on 07 October 2014, at 11:56 . For personal use only, all rights reserved. Notes. Panel A reports the portfolio returns during each of the five months after portfolio formation. Panel B reports raw and risk-adjusted returns for the benchmark residual-based reversal strategy when portfolio returns and discount news are based on calendar months. Panel C calculates daily returns using midpoints of closing bid and ask prices and monthly returns by cumulating the daily midpoint returns within a month. We report raw and riskadjusted returns for the benchmark residual-based reversal strategy based on these monthly returns. Panel D reports raw and risk-adjusted returns for a three-by-three within-industry double-sort strategy, first sorted into three groups according to prior-month stock returns (top 30%, middle 40%, and bottom 30%) and then according to prior-month earnings forecast revisions (top 30%, middle 40%, and bottom 30%). We then buy past losers with upward forecast revisions and sell past winners with downward forecast revisions, and hold the positions for one month. The factors to adjust raw returns are the same as in Table 2 . The sample period is from January 1982 through March 2009. The t-statistics are reported in parentheses.
zero. The short-term nature of the trading profit suggests that it is unlikely due to some missing risk factor because we do not expect the systematic risk exposure to vary drastically at monthly frequency after portfolio formation. So far we have used the I/B/E/S month, which runs from the current I/B/E/S consensus forecast issuance date to the next consensus forecast issuance date. This allows us to better match monthly return to monthly cash flow news measured using consensus earnings revisions. A potential problem is that different I/B/E/S months may have very different numbers of days. Although we do not think this problem will lead to any systematic bias in our results, we repeat the analysis using calendar-month returns as a robustness check. In other words, we compute the residual return using the return in calendar month t and cash flow news in I/B/E/S month t (from the third Thursday in calendar month t − 1 to the third Thursday in calendar month t). As it turns out, when we use calendar-month returns and repeat the benchmark residual-based reversal strategy, the profit actually improves as reported in panel B of Table 4 . For example, the raw return increases to 1.74% per month (t-value = 10 57). The three-and five-factor alphas increase to 1.63% per month (t-value = 10 29) and 1.47% per month (t-value = 12 96), respectively.
A well-documented problem associated with stocks traded at low prices is that the bid-ask bounce can lead to a nonnegligible upward bias in the average return computation, as Blume and Stambaugh (1983) discuss. To ensure that our results are not unduly affected by the bid-ask bounce, we follow Subrahmanyam (2005) , among others, and examine calendar-month returns computed using mid-quotes. The results, presented in panel C of Table 4 , show that the residual-based reversal strategy evaluated using mid-quote-based calendar-month returns delivers an even higher profit. For example, the raw return increases to 2.11% per month (t-value = 9 15), whereas the three-and five-factor alphas increase to 1.97% per month (t-value = 8 72) and 1.79% per month (t-value = 9 06), respectively. As an alternative way to control for the bid-ask bounce, we exclude the first trading day in the holding period when computing holding-period portfolio returns. Unreported results suggest that our residual-based reversal strategy remains highly profitable. For example, the raw return and the three-and five-factor alphas are 1.51% per month (t-value = 8 67), 1.26% per month (t-value = 8 45), and 0.81% per month (t-value = 4 98), respectively.
We make several parametric assumptions in computing the cash flow news. Do our main results depend on these assumptions? To answer this question, we consider a simple nonparametric way of identifying stocks that recently experienced large residual returns: We look for stocks whose prices and earnings forecasts were revised in opposite directions during the previous month. To the extent that an earnings forecast revision (FREV) proxies for the direction of the true cash flow shock, a large but opposite movement in price must reflect large residual returns (in absolute terms). Downloaded from informs.org by [128.171.195 .158] on 07 October 2014, at 11:56 . For personal use only, all rights reserved.
To implement this idea, we consider a three-bythree within-industry double-sort strategy, sorting first on the basis of prior-month stock returns and then on the basis of prior-month earnings forecast revisions. We then buy past losers with upward forecast revisions and sell past winners with downward forecast revisions, and hold the resulting position for one month.
Interestingly, this strategy generates similar profits, as reported in panel D of Table 4 . For example, the double-sort strategy generates a return of 1.86% per month (t-value = 12 05) with three-and fivefactor alphas of 1.72% per month (t-value = 12 24) and 1.11% per month (t-value = 7 22), respectively. Moreover, the time-series correlation between this nonparametric residual strategy and the parametric residual strategy is very high ( = 0 76), consistent with a conclusion that the alternative strategies capture similar effects from residual returns. Jegadeesh (1990) documents that a reversal strategy is much more profitable in the month of January. As a robustness check, we also report in panel A of Table 5 the results after removing January from the sample. The profits are only slightly weakened.
Panel B of Table 5 reports the reversal profits across three subsample periods: 1982-1989, 1990-1999, and 2000-2009 . We find reversal profits to be always positive and significant, even after the three-factor adjustment. Over time, the profits decline, consistent with the improvement of overall market liquidity and/or price efficiency.
Panel C of Table 5 suggests that the benchmark residual-based reversal strategy generates significantly positive profit in each of the 11 industries, with t-values ranging from 3.81 to 6.45.
We also examine whether the result may vary depending on stock characteristics. Each month, we sort stocks in the sample into three groups on the basis of a stock characteristic: size, book-to-market ratio, analyst coverage, analyst forecast dispersion, and the Amihud (2002) illiquidity measure. We then implement our benchmark residual-based reversal strategy within each group. To save space, we report these conditional sorting results for only top and bottom groups in panel D.
We first note that the residual-based reversal strategies are highly profitable in each of the subsamples. The profit is higher among smaller stocks, value stocks, illiquid stocks, and stocks covered by fewer analysts.
If the reversal is partly driven by mispricing, we would expect it to be stronger among stocks associated with greater limits to arbitrage. Wurgler and Zhuravskaya (2002) suggest the IVOL as a measure of arbitrage risk. Indeed, Stambaugh et al. (2013) document that IVOL is related to a broad collection of asset Notes. Data shown are excluding January months (panel A), three decade subsamples (panel B), I/B/E/S industry subsamples (panel C), characteristicbased subsamples (panel D), and excluding earnings-announcement months (panel E). In panel D, stocks are sorted into three groups by characteristic: top 30%, middle 40%, and bottom 30%. We report the profits for the top and bottom groups, and their differences. The characteristics are market capitalization, book-to-market ratio, Amihud (2002) illiquidity measure, analyst coverage count, analyst forecast dispersion (defined as the ratio of the standard deviation to the absolute value of the median of analyst earnings forecasts), idiosyncratic volatility, and changes in Moody KMV's EDF. In panel E, we exclude stock/month observations if there is an earnings announcement on the stock. The t-statistics are reported in parentheses.
pricing anomalies. Panel D confirms that our residualbased reversal strategy is more profitable among the high-IVOL firms. In addition, we also find the strategy to be more profitable among firms experiencing a sharp increase in financial distress, consistent with the results of Da and Gao (2010) that forced selling among financially distressed firms could trigger a large liquidity shock and the subsequent reversal. We measure the financial distress using Moody's KMV's Expected Default Frequencies, or EDFs. EDFs are considered as a superior distress measure as they use market prices that are updated more frequently than the accounting variables.
To alleviate potential concerns that our results are driven by post-earnings-announcement drift, we also exclude all stock/month observation if there is an earnings announcement for that stock. Panel E of Table 5 suggests that such an exclusion hardly changes our results.
Overall, the superior performance of the benchmark residual-based reversal strategy once again confirms the within-industry residual return to be the main driver of short-term return reversal. Unreported results confirm the importance of residual return using Fama and MacBeth (1973) cross-sectional regressions. By isolating the main driver, the benchmark residual-based reversal strategy provides us with a new and superior testing ground for the two leading explanations of the short-term return reversal. But first we take a closer look at individual stock characteristics across different portfolios underpinning the residual-based reversal strategy.
Liquidity Shock vs. Investor Sentiment
Our residual-based reversal strategy outperforms the standard reversal strategy since the residual component, after controlling for cash flow news, better isolates price movements due to investor sentiment or liquidity shocks that are more likely to revert soon. Do liquidity shock and investor sentiment play different roles in driving the short-term reversal? We address this question in this section.
Time-Series Evidence
We first use a time-series regression approach similar to those used in Stambaugh et al. (2012) . Specifically, we regress the excess returns in month t on the Fama and French (1993) three factors in month t and other market-level variables in month t − 1. The first two variables are related to liquidity. The first is a detrended Amihud (2002) measure (amihud) constructed from the difference between the average Amihud (2002) illiquidity measure and its moving average in the previous 12 months. The stock market in the United States has experienced several episodes of liquidity improvement recently, such as decimalization in 2000, making the level of Amihud (2002) measure less comparable over time. The detrended Amihud (2002) measures controls for such a time trend and can be interpreted as a measure of "abnormal" illiquidity. The second measure is the realized volatility on the S&P 500 index (rv) calculated in month t as the annualized realized return standard Downloaded from informs.org by [128.171.195 .158] on 07 October 2014, at 11:56 . For personal use only, all rights reserved.
i , where N t is the number of trading days in month t. Nagel (2012) argued that stock market volatility is related to the required compensation for liquidity provision. In particular, he examines the Volatility Index (VIX). Although we use realized volatility instead (since the VIX is only available more recently), we also verify that we obtain very similar results using the VIX within the shorter sampling period, which is not surprising given the very high monthly correlation between the realized volatility and the VIX.
The next two variables are related to investor sentiment, in particular, investor optimism, which likely leads to equity overvaluation. The first is the monthly number of initial public offerings (nipo), and the second is the monthly equity share in new issues (s), defined as the share of equity issues in total equity and debt issues. Both nipo and s are used by Baker and Wurgler (2006) in constructing their investor sentiment index. We do not focus on other components of the sentiment index related to turnover or closedend fund discount since they arguably are closely related to liquidity. Hirshleifer and Jiang (2010) also consider security issuance as a proxy for aggregate overvaluation.
The time-series regression results are reported in Table 6 . The sample period is from January 1982 through March 2009. The t-statistics reported in parentheses are Newey and West (1987) adjusted with 12 lags. In panel A, we examine the standard Fama-French short-term reversal factor (DMU) as the dependent variable. We find that the reversal factor, after the three-factor risk adjustment, to only load positively and significantly on the lagged detrended Amihud measure. It loads negatively on lagged nipo and s, although not significantly. In panel B, we examine the profit to our residual-based strategy and find it to also load positively and significantly on the lagged volatility.
Panels C and D study the excess return to buying losers (or the long side) and to selling winners (or the short side) in our residual-based strategy separately. This separation yields very interesting results. We find the profits from buying losers or the long-side in residual-based strategy, after risk adjustment, to load positively and significantly on the lagged detrended Amihud measure and lagged realized volatility on the S&P 500 index. The t-values on these two variables are much higher in panel C than in the previous two panels. Thus, these profits are more likely reflecting compensations for liquidity provision since they are higher when the level of illiquidity (proxied by the Amihud measure) is high and when the required compensation for liquidity provision is high (proxied by the realized volatility). Overall, this finding is consistent with the theoretical prediction of Shleifer and Vishny (1992) and the empirical evidence in Coval and Stafford (2007) . Recent losers are more likely to be financially distressed, and constrained investors are forced to sell, causing a large price concession. The later price recovery thus reflects compensation for liquidity provision. The investor sentiment variables nipo and s do not seem relevant in explaining the risk-adjusted return to buying recent losers.
In sharp contrast, we find the profits from selling winners or the short-side in residual-based strategy, after risk adjustment, to load positively and significantly on two lagged measures of investor sentiment. The t-values on both nipo and s are positive and highly significant, suggesting larger price decline following periods when investors are more optimistic and as a result the stock market is more overvalued. We find the risk-adjusted returns to selling winners (short alpha) to be highly correlated with nipo and s (correlations are 0.43 and 0.57). In contrast, the riskadjusted returns to buying losers (long alpha) is not correlated with nipo and s (correlations are −0.10 and −0.03). On the other hand, long alpha is highly correlated with detrended Amihud measure and realized volatility (correlations are 0.24 and 0.23), whereas short alpha is not.
The fact that investor sentiment drives the reversal on recent winners is consistent with the existence of short-sale constraints, which limit the ability of rational traders to exploit overpricing immediately (see Miller 1977) . As Miller (1977 , p. 1154 argues, "a market with a large number of well informed investors may not have any grossly undervalued securities, but if those investors are unwilling to sell short (as they often are) their presence is consistent with a few investments being overvalued." Consistent with Miller's (1977 ) argument, Stambaugh et al. (2012 show that many asset pricing anomalies are stronger following high levels of sentiment, and this effect is attributable only to the short legs. Again, by isolating recent "nonfundamental" price changes, our approach shows that Miller's (1977) argument also extends to the short-term return reversal, even among large stocks.
As robustness checks, we first repeat our analysis in panels C and D after controlling for the macro variables as advocated by Baker and Wurgler (2006) . We include the same six macro variables, which comprise the growth rate in the industrial production index; growth rates in consumer durables, nondurables, and services; the growth rate in employment; and a dummy variable for National Bureau of Economic Research (NBER) recessions. These results are reported in panel E (for the long side) and panel F (for the short side). We continue to find the profit on the long side to load only on liquidity-related variables (amihud and rv), and that on the short side to Downloaded from informs.org by [128.171.195 .158] on 07 October 2014, at 11:56 . For personal use only, all rights reserved. Notes. Explanatory variables are the Fama-French three factors, lagged detrended amihud measure (amihud), lagged realized volatility on the S&P 500 index (rv), lagged numbers of IPOs (nipo), and lagged net share issuance variable (s). The dependent variable is the Fama-French short-term reversal factor (panel A), the benchmark residual-based reversal profit, and the excess returns from buying losers and selling winners for the benchmark residual-based reversal strategy (panels C and D). We also repeat the analysis in panels C and D with additional macroeconomic variables (panels E and F). The six macro variables are defined as in Baker and Wurgler (2006) . They are the growth in the industrial production index; growth in consumer durables, nondurables, and services; the growth in employment; and a dummy variable for NBER recessions. Finally, we repeat the analysis in panels E and F without industry controls (panels G and H). The monthly Fama-French three factors and short-run reversal factor are downloaded from French's website. The detrended amihud is constructed from the difference between the Amihud (2002) illiquidity and its moving average in the previous 12 months. The realized volatility of the S&P 500 index is calculated as the annualized realized return standard deviation within a month. The nipo is the monthly number of initial public offerings, and the s is the monthly equity share in new issues, defined as the share of equity issues in total equity and debt issues. Both nipo and s are the same as in Baker and Wurgler (2006) . The benchmark residual-based reversal strategy sorts stocks into deciles within each industry according to prior-month residual returns, and buys losers and sells winners within each industry. The sample period is from January 1982 through March 2009. The t-statistics reported in parentheses are Newey and West (1987) adjusted with 12 lags.
load only on sentiment-related variables (nipo and s).
To make sure that industry controls are not driving our results, we remove them in panels G and H; the results again remain similar. We repeat these time-series regressions in each of the 14 subsamples of stocks constructed by sorting on various stock characteristic such as size, book-tomarket ratio, analyst coverage, analyst forecast dispersion, the Amihud (2002) illiquidity measure, the idiosyncratic volatility, and EDF. To save space, in Table 7 , we report only the coefficients and t-statistics on the two lagged liquidity variables (amihud and rv) and the two lagged sentiment variables (nipo and s). Although the t-statistics on these variables are in general smaller than those reported in Table 6 because we have fewer stocks in each subsample, the general pattern is remarkably consistent across the 14 subsamples. In general, amihud and rv almost always carry positive and significant loadings for the long side of the reversal, whereas nipo and s almost always carry positive and significant loadings for the short side. Not surprisingly, across these different subsamples, we also find the liquidity variables to be more important for small and illiquid stocks with high analyst forecast dispersion.
Cross-Sectional Evidence
We confirm the differential roles played by liquidity and sentiment using cross-sectional regressions.
If liquidity is the driving force behind the reversal profit to recent losers, we would expect to see stronger reversal following negative residual returns among more illiquid stocks. We test this prediction in panel A of Table 8 . We run Fama and MacBeth (1973) crosssectional regressions for past losers and past winners. Past losers (winners) are those stocks with previousmonth residual returns in the bottom (top) 30%. The dependent variable is stock return in the next month. The independent variables include two interaction terms: residual interacted with amihud_low and amihud_high, respectively, where residual denotes the residual return in the previous month. The variable amihud_low (amihud_high) is a dummy variable equal Downloaded from informs.org by [128.171.195 .158] on 07 October 2014, at 11:56 . For personal use only, all rights reserved. Notes. Explanatory variables are the Fama-French three factors, lagged detrended Amihud (2002) measure (amihud), lagged realized volatility on the S&P 500 index (rv), lagged numbers of IPOs (nipo), and lagged net share issuance variable (s). The dependent variable is the excess returns from buying losers and selling winners for the benchmark residual-based reversal strategy within each subsample. As in Table 3 , these subsamples are composed of the top 30% and bottom 30% stocks, sorted by size, book-to-market ratio, Amihud (2002) illiquidity measure, analyst forecast dispersion, analyst coverage, idiosyncratic volatility, and the change in Moody's KMV's EDF. Only coefficients and t-statistics on the four liquidity and sentiment variables are reported. The sample period is from January 1982 through March 2009. The t-statistics reported in parentheses are Newey and West (1987) adjusted with 12 lags.
to 1 if the stock's Amihud (2002) illiquidity measure is below (above) median. Other control variables include beta, log(size), log(BM), and turnover. We find that the coefficients on all four interaction terms are negative and significant, confirming short-term return reversals everywhere. Moreover, the coefficients are more negative among more illiquid stocks with amihud_high = 1, indicating stronger reversal. Most importantly, we observe significantly more negative coefficients among more illiquid stocks only among past losers, confirming that the long side of reversal profit is driven by illiquidity.
To examine the role played by the investor sentiment, we note that the short-sale constraint is the necessary condition for positive sentiment to induce overpricing. It is then natural to expect sentiment to induce overpricing only among stocks with binding short-sale constraint. For stocks without short-sale constraints, overpricing is unlikely, and we therefore should not expect reversal for recent winners. To test this prediction, in panel B, we focus on residual return interacted with dummy variables indicting option trading on the same stock. Specifically, option_no is a dummy variable equal to 1 if there is no option traded on the stock, and option_yes is another dummy variable defined as 1 if options are trading on the stock. Confirming our conjecture, among recent winners, we only observe significant reversals among stocks without options. For stocks with options, there is no significant reversal.
To summarize, although liquidity and sentiment are inherently intertwined (see Baker and Stein 2004) , the consistent evidence from both time-series and crosssectional dimensions in this section does suggest that liquidity shocks are more likely to affect recent losers, whereas investor sentiment is more likely to affect recent winners. Downloaded from informs.org by [128.171.195 .158] on 07 October 2014, at 11:56 . For personal use only, all rights reserved. Notes. The dependent variable is stock return in the next month. Among the independent variables, residual denotes the residual return in previous month. The CAPM beta (beta) is estimated from the market model using monthly returns over the previous five-year rolling window (at least 36 monthly returns required). Size is market capitalization, BM is the book-to-market ratio, and turnover is the ratio between trading volume and shares outstanding, all measured in the previous month. The regressions are run separately for past losers and past winners. Past losers (winners) are those stocks with previous-month residual returns in the bottom (top) 30%. In panel A, amihud_low (amihud_high) is a dummy variable equal to 1 if the stock's Amihud (2002) illiquidity measure is below (above) median. In panel B, option_no is a dummy variable equal to 1 if there is no option traded on the stock, and option_yes is another dummy variable defined as 1−option_no. All t-statistics are Newey and West (1987) adjusted with 12 lags.
Conclusion
Identifying the causes of short-term return reversal has important implications for empirical asset pricing tests, and more generally for understanding the limits of market efficiency. While financial economists have long studied the profitability of a contrarian strategy of buying recent losers and selling recent winners, we have not had a complete understanding of what is driving short-term reversal profits. In this paper, we shed some new light on the economic drivers of short-term reversal profits by focussing on past return residuals that are unexplained by measures of "fundamental" news. Proxying for cash flow shocks using analyst earnings forecast revisions, we find an enhanced shortterm reversal strategy based on past residual returns to be highly profitable over the 27 years of our sample of large stocks with analyst coverage. This simple short-term return reversal trading strategy generates a three-factor alpha of 1.34% per month (t-value = 9 28), four times the alpha of the standard short-term reversal strategy.
Our results suggest that short-term return reversal is pervasive and much greater than previously documented. In addition, we provide strong empirical evidence that liquidity shocks are likely to drive the reversals of recent losers, whereas investor sentiment is more likely to drive reversals of recent winners.
